Abstract-In this paper, we propose and evaluate an integrated system for the segmentation of atherosclerotic plaque in ultrasound imaging of the carotid artery based on normalization, speckle reduction filtering, and four different snakes segmentation methods. These methods are the Williams and Shah, Balloon, Lai and Chin, and the gradient vector flow (GVF) snake. The performance of the four different plaque snakes segmentation methods was tested on 80 longitudinal ultrasound images of the carotid artery using receiver operating characteristic (ROC) analysis and the manual delineations of an expert. All four methods were very satisfactory and similar in all measures evaluated, with no significant differences between them; however, the Lai and Chin snakes segmentation method gave slightly better results. Concluding, it is proposed that the integrated system investigated in this study could be used successfully for the automated segmentation of the carotid plaque.
I. INTRODUCTION
C AROTID artery atherosclerosis is the primary cause of stroke and the third leading cause of death in the United States. Almost twice as many people die from cardiovascular disease than from all forms of cancer combined. Atherosclerosis is a disease of the large and medium size arteries, and it is characterized by plaque formation due to progressive intimal accumulation of lipid, protein, and cholesterol esters in the blood vessel wall [1] , which reduces blood flow significantly. The risk of stroke increases with the severity of carotid stenosis, and is reduced after carotid endarterectomy [2] . The degree of internal carotid stenosis is the only well-established measurement that is used to assess the risk of stroke [3] . Indeed, it is the only criterion used at present to decide whether carotid endarterectomy is indicated or not [4] . The objective of this study was to propose an integrated system for the segmentation of the atherosclerotic carotid plague in ultrasound imaging.
Several studies investigated the segmentation of atherosclerotic carotid plaque in ultrasound imaging, intravascular ultra- sound (IVUS) imaging, and magnetic resonance imaging (MRI). An overview of these techniques is given in Table I . Hamou et al. [5] proposed a method that was based on the Canny edge detector to detect the plaque regions in longitudinal carotid artery ultrasound images. A morphological approach for the carotid contour extraction was proposed in [6] for longitudinal ultrasound images of carotid artery, incorporating speckle reduction filtering, contour quantization, morphological contour detection, and a contour enhancement stage. Mao et al. [7] proposed a discrete dynamic contour model for extracting the carotid artery lumen in 2-D transversal ultrasound images, whereas Abolmaesumi et al. [8] introduced an algorithm based on the star algorithm improved by Kalman filtering, for extracting the carotid artery boundaries from transversal carotid ultrasound images. A semiautomatic method for tracking the progression of atherosclerotic plaque in 3-D images of the carotid artery using the Balloon model introduced in [9] was proposed by Gill et al. [10] . Furthermore, a number of studies investigated the use of IVUS imaging of the carotid artery. Although IVUS provides better quality images when compared with ultrasound images, it poses a certain risk to the patients due to the insertion of a catheter in the patient's artery. A graph-searching approach to detect the wall and plaque borders from IVUS images of the carotid artery was documented in [11] . A semiautomatic segmentation method for IVUS images based on gray-scale statistics of the image was proposed in [12] , where the lumen, the intima-media thickness (IMT), and the plaque were segmented in parallel by utilizing a fast marching method. In [13] , an automated luminal contour segmentation method based on a statistical approach was introduced whereas in [14] , IVUS images were segmented using knowledge-based methods.
Several studies also investigated the automated segmentation in MRI of the carotid artery. Xu et al. [15] applied a mean-shift density-estimation algorithm to segment 22 multiple transversal MRIs of the carotid artery. Adams et al. [16] attempted to segment the carotid plaque by using snakes based on the gradient vector flow (GVF) method in order to detect the artery, lumen, and plaque borders, where the initial contour was placed manually by the expert. The results showed a good accuracy of the segmentation algorithm. Yang et al. [17] proposed a dynamic programming approach to detect the plaque borders in each MRI frame where seed points were placed by the expert for estimating the initial plaque contour.
As shown in Table I , different methods were investigated for the segmentation of the atherosclerotic carotid plaque, however, these studies were evaluated on a limited number of subjects for ultrasound imaging (although this is not the case for IVUS, see study [12] ). Therefore, the need still exists for the development, implementation, and evaluation of an integrated system enabling the automated segmentation of ultrasound imaging carotid plaque. In this paper, we propose and evaluate such a system based on normalization, speckle reduction filtering, and snakes segmentation. Four different snake methods were investigated, namely: 1) the Williams and Shah [18] , [19] ; 2) the Balloon [9] ; 3) the Lai and Chin [20] ; and 4) the GVF [21] . Preliminary results of this study were also published in [22] .
II. MATERIALS AND METHODS

A. Recording of Ultrasound Images
A total of 80 B-mode and blood flow longitudinal ultrasound images of the common carotid artery bifurcation were selected at random, representing different types of atherosclerotic plaque formation with irregular geometry typically found in this blood vessel. The images were acquired by the ATL HDI-3000 ultrasound scanner (Advanced Technology Laboratories, Seattle, USA) [23] , and were recorded digitally on a magneto optical drive with a resolution of 768 × 576 pixels with 256 gray levels. Digital images were resolution-normalized at 16.66 pixels/mm (see Section II-C). This was carried out due to the small variations in the number of pixels per millimeter of image depth (i.e., for deeply situated carotid arteries, image depth was increased, and therefore, digital image spatial resolution would have decreased) and to maintain uniformity in the digital image spatial resolution [24] . The images were recorded at the Saint Mary's Hospital, Imperial College of Medicine, Science and Technology, U.K., from 32 female and 48 male symptomatic patients aged between 26 and 95 years, with a mean age of 54 years. These subjects were at risk of atherosclerosis, and had already developed clinical symptoms such as a stroke or a transient ischemic attack (TIA).
B. Manual Plaque Segmentation and Classification
An expert manually delineated the plaque borders between plaque and artery wall, and the borders between plaque and blood, on 80 longitudinal B-mode ultrasound images of the carotid artery after image normalization and speckle reduction filtering (see Section II-C and II-D), using MATLAB software developed by other researchers from our group. The procedure for carrying out the manual delineation process was established by a team of experts, and was documented in the ACSRS project protocol [4] . The correctness of the work carried out by a single expert was monitored and verified by at least another expert. Usually the plaques are classified into type I to type V as documented in [4] , [19] . In this study, the plaques delineated were of type II, III, and IV because it is easier to make a manual delineation since the fibrous cap, which is the border between blood and plaque, is more easily identified. If the plaque is of type I, borders are not properly visible. Plaques of type V produce acoustic shadowing and the plaque is also not properly visible.
C. Image Normalization
Brightness adjustments of ultrasound images were carried out in this study based on the method introduced in [25] . It was shown that this method improves image compatibility by reducing the variability introduced by different gain settings, operators, equipment, and that it facilitates ultrasound tissue comparability [25] . Algebraic (linear) scaling of the image was manually performed by linearly adjusting the image so that the median gray level value of the blood was 0-5 and that of the adventitia (artery wall) was 180-190 [25] . The scale of the gray level of the images ranged from 0-255. Thus, the brightness of all pixels in the image was readjusted according to the linear scale defined by selecting the two reference regions. It is noted that a key point in maintaining a high reproducibility was to ensure that the ultrasound beam was at right angles to the adventitia, adventitia was visible adjacent to the plaque, and that for image normalization a standard sample consisting of half of the width of the brightest area of adventitia was obtained.
D. Speckle Reduction Filtering
In this study, a linear scaling filter [linear scaling mean variance (lsmv)] utilizing the mean and the variance of a pixel neighborhood was used. This filter was introduced in [26] , and evaluated on ultrasound imaging of the carotid giving best results in [27] . The lsmv filter may be described by a weighted average calculation using subregion statistics to estimate statistical measurements over 7 × 7 pixel windows applied for five iterations [26] - [28] .
E. Plaque Contour Initialization
In most of the cases, a plaque is visualized in a B-mode longitudinal ultrasound image and its size confirmed in transverse section using color blood-flow imaging. However, uniformly echolucent plaques are not obvious on B-mode, and color flow imaging is needed. These echolucent plaques are seen as black filling defects. Pulse Width (PW) Doppler is used to measure velocity in order to grade the degree of stenosis, and blood flow can be detected at a specific depth by selecting the time interval between the transmitted and received pulses.
In this work, the blood flow image was used in order to extract the initial snake contour for the plaque borders in the carotid artery. The plaque snakes-contour-initialization procedure carried out using both the blood flow and the B-mode images is described (see also Fig. 1 ).
1) The blood flow area is extracted from the blood flow image [ Fig. 1(b) ] by searching all color pixels (i.e., if the red, green, and blue pixel values are different). Otherwise, pixels belong to a grayscale area. All color pixels are (set to zero) in the blood flow image. The resulting image is then cross-correlated with the B-mode image [ Fig. 1(a) ] so that the blood flow edge is mapped on the B-mode image.
2) The extracted blood flow edge image is dilated to eliminate small gaps and remove small undesired regions. 3) From the dilated edge blood flow image, the blood flow edge contour is detected [see Fig. 1(c) ]. A region of interest on the edge contour [a task carried out by the user of the proposed system, illustrated by a rectangle in Fig. 1(c) ] is marked where the lower or the upper boundary of plaque is covered. This is used as an initial snake contour. 4) The initial snake contour at 20-40 consecutive points is sampled to construct an interpolating B-spline. 5) The first and the last snake points on the initial contour are connected to form a closed contour.
6) Image normalization (see Section II-C) and speckle reduction is performed on the B-mode image by the lsmv filter described in Section II-D. 7) The initial plaque contour on the B-mode image is mapped [see Fig. 1(d) ]. 8) The initial contour by the snake to accurately locate the plaque-blood borders (see Section II-F) is deformed. 9) The final plaque contour is saved and displayed on the B-mode image [see Fig. 1(e) ].
F. Snakes Segmentation
Four different snake segmentation methods were investigated in this study, as mentioned in Section I. Preliminary results of this study were also published in [22] . The parameter values for the four different snakes segmentation methods were the same in all experiments. For the Williams and Shah snake, the strength, tension, and stiffness parameters were equal to α s = 0.6, β s = 0.4 and γ s = 2, respecively. For the Lai and Chin, the regularization parameter λ π was varied as documented in [20] . For the GVF snake, the elasticity, rigidity, and the regularization parameters were α GV F = 0.05, β GV F = 0 and µ GV F = 0.2, respectively [21] .
G. Evaluation of the Segmentation Method
The receiver operating characteristic (ROC) analysis [29] was used to assess the specificity and sensitivity of the four segmentation methods by the true-positive fraction (TPF), and falsepositive fraction (FPF) [29] . The TPF is calculated when the expert detects a plaque (when a plaque is present), and the computerized method identifies it whereas the FPF is calculated when the expert detects no plaque, and the computerized method incorrectly detects that there is a plaque present. The true-negative fraction (TNF) is calculated when the expert identifies no plaque and the computerized method identifies it as so (absent), whereas the false-negative fraction (FNF) is calculated when the expert identifies plaque presence, and the computerized method incorrectly identifies plaque absence. Ratios of overlapping areas can also be assessed by applying the similarity kappa index KI, [30] and the overlap index [31] . These indices were computed as
where || denotes the magnitude, ∩ denotes the intersection (the number of common pixels in the manual and the snakes segmented area), and ∪ is the union (the number of all pixels defined by the manual and the snakes segmented areas where the common pixels are considered only once). GT is the number of pixels defined by the segmented area, representing ground truth delineated by the expert GT, its complement, and AS is the number of pixels belonging to the area obtained by the snakes segmentation method. The intersection gives the probability that both AS and GT occur, and the union is the probability that either AS or GT occur. The specificity Sp = 1 − FPF, the precision P , and the effectiveness measure F = 1 − E [29] were also calculated to describe the ROC characteristics of the segmentation methods.
H. Univariate Statistical Analysis
The Wilcoxon matched-pairs signed rank sum test was used in order to detect if for each metric, TPF, TNF, FPF, FNF, KI, overlap index, Sp, P , and F , a significant difference exists or not between all the segmentation methods at p ≤0.05. The test was applied on all 80 segmented plaques for all different segmentation methods. 2(f) shows the superimposition of the segmentation contours computed in Fig. 2(b) -(e). As illustrated in Fig. 2(f) , both the manual and the snakes segmentation contours are visually very similar. Table II tabulates the results of the ROC analysis based on TNF, TPF, FNF, FPF, KI, overlap index, Sp, P , and F , for the four different plaque snakes segmentation methods on 80 longitudinal ultrasound images. Although all methods demonstrated similar performance with nonsignificant differences (see Section III-C), the best overall performance was demonstrated by the Lai and Chin segmentation method. The results showed that the Lai and Chin method agrees with the expert by correctly detecting no plaque (TNF) in 80.89% of the cases, by correctly detecting a plaque (TPF) in 82.70% of the cases, disagrees with the expert by detecting no plaque (FNF) in 15.59% of the cases, and by detecting a plaque (FPF) in 5.86% of the cases. The similarity kappa index KI, and the overlap index, for the Lai and Chin snakes segmentation method were the highest, equal to 80.66% and 69.3%, respectively. The best FPF and FNF fractions were given by the Balloon, with 5.4% and 13.90%, respectively. The GVF gave the worst results with the lowest similarity KI (77.25%), and the lowest overlap index (66.6%). The best specificity Sp, was given by the Balloon (0.946) followed by the Lai and Chin (0.942) snakes segmentation method. The Lai and Chin gave the best precision P (0.934), whereas the best effectiveness measure F was given by the Balloon (0.888) followed by the Lai and Chin (0.885) snakes segmentation method. Fig. 3 shows the ROC curves for the four snakes segmentation methods based on the TPF and FPF fractions with 95% confidence margins. The area below the ROC curve was 0.90, 0.83, 0.79, and 0.67 for the Lai and Chin, GVF, Balloon, and Williams and Shah snakes segmentation method, respectively. It is clear that the largest area under the ROC curve was obtained by the Lai and Chin snakes segmentation method.
III. RESULTS
A. Examples of Plaque Segmentation
B. Evaluation of Plaque Segmentation Methods
IV. DISCUSSION
The comparison of the four different snakes segmentation methods proposed in this paper showed that the Lai and Chin gave slightly better results, although these results were not statistically significant when compared with the other three snakes segmentation methods.
A. Normalization and Speckle Reduction Filtering
To the best of our knowledge, no other study carried out ultrasound image normalization as described in this study, prior to segmentation of the atherosclerotic carotid plaque. However, in [5] , histogram equalization was performed on carotid artery ultrasound images for increasing the image contrast. The normalization method used in this study was documented to be helpful in the manual contour extraction as well as in the snakes segmentation of the IMT [32] , [33] .
Moreover, this method increased the classification accuracy of different plaque types as assessed by the experts [34] . TABLE II  ROC ANALYSIS BASED ON TNF, TPF, FNF, FPF, KI, OVERLAP INDEX In this paper, speckle reduction filtering was used as a preprocessing step based on our previous work [27] , [33] . More specifically, in [33] , it was shown that image normalization followed by speckle reduction produces better quality images whereas the reverse (speckle reduction followed by normalization) might produce distorted edges. Speckle reduction filtering of the carotid was also proposed by [19] , [32] , [35] , where it was shown that this improves the image quality and the visual evaluation of the image. However, in other segmentation studies for extracting the carotid artery plaque borders in IVUS imaging, speckle was used as useful information [11] - [14] .
B. Plaque Contour Initialization
Initial contour estimation using the blood flow image was proposed in this work where the limitations of this method based on the color imaging were outlined in Section II-E. Initial contour estimation was also proposed in [13] , which was derived from the polar image by combining information extracted from the probability function of the contour position, and more specifically, from the function maximum location and the first zero crossing of its derivative. Then, starting from the initial contour, a region of interest was automatically selected and the process iterated until the snake contour evolution could be ignored. In [14] , a cost function was calculated and used as an input to the segmentation algorithm. In [10] , a dynamic balloon model [9] represented by a triangular mesh was applied for detecting the plaque borders on two 3-D ultrasound carotid images where the initial contour was placed manually. In all of these studies as well as in the present study, the significance of the initial contour placement was not investigated in order to estimate how this influences the final segmentation result.
C. Plaque Segmentation
The four different snakes segmentation methods presented in this study gave very satisfactory results with the best performance obtained by the Lai and Chin snakes segmentation method. Snakes were investigated by other researchers, only for segmenting 3-D ultrasound images of the carotid artery in a small number of cases with very promising results [10] , [14] . Additional effort for segmenting the atherosclerotic carotid plaque was made on IVUS images [11] , where the insertion of a catheter in the patient's artery for acquiring the IVUS images posed a certain risk to the patient. This method was based on graph searching, which required that the expert must provide the initial plaque border contour. Furthermore, a time consuming methodology based on the Balloon snake [9] was proposed in [10] for 3-D ultrasound carotid artery images by triangulating the image in a finite element mesh. The method proposed in [8] , for longitudinal images of the carotid artery was time consuming, and results were not that satisfactory, as the lumen borders of the carotid artery were not that accurately found. Furthermore, in a recent study [5] where morphological processing was applied, the results were not in agreement with the manual delineations of an expert, and the expert had no interaction with the system. In [12] , a semiautomatic segmentation method for IVUS images based on gray-scale statistics of the image was proposed, where the lumen, IMT, and the plaque were successfully segmented in parallel by utilizing a fast marching model. The performance of the segmentation methods proposed earlier was not compared with other different segmentation methods, nor was it investigated under different preprocessing conditions, such as normalization and speckle reduction filtering, as in this study.
The evaluation of the four plaque snakes segmentation methods based on ROC curves (see Fig. 3 ) showed that the best ROC curve was obtained for the Lai and Chin snakes segmentation method. The area under this curve was larger than the others.
Some attempts were made from other researchers to segment the carotid plaque in MRI by using the GVF field [16] , snakes [16] , and dynamic programming [17] . In all of these studies, the initial snake contour was placed manually, and a smaller number of images compared with this study were tested. More specifically, a segmentation method for the arterial walls and plaque in transversal MRI images based on dynamic programming was proposed in [17] . In [15] , the plaque borders in transversal MRI carotid images were segmented, based on the mean-shift density estimation algorithm. In [16] , a snakes segmentation method was applied on MRI transversal carotid images to detect the lumen and the outer wall boundaries of the artery by using the GVF force field [21] .
There are some limitations in the proposed methodology, which are summarized here.
1) The color flow sometimes overlaps with areas of the tissue wall or the plaque. 2) The color does not always fill up places where the blood flow velocity is very low. Therefore, the contour initialization estimation may not be that accurate. The contour initialization can be improved by using a statistical approach to initialize and train the snake about blood flow [36] .
3) The snake contour may be some times attracted by local minima and converge to a wrong location. 4) Cases of plaque type I and type V (see Section II-B) were not considered for segmentation.
V. CONCLUSION
The method presented in this study proposes an integrated system for plaque segmentation in longitudinal ultrasound images of the carotid artery. Such a system cannot only significantly reduce the time required for the image analysis, but can also reduce the subjectivity that accompanies manual delineations and measurements. The method will be further evaluated on a larger number of ultrasound images and using multiple experts. In this paper, the cases of totally occlusive dissections and side-branches as well as cases of plaque type I and type V (see Section II-B) were not considered for segmentation. Future work will focus on improving the segmentation procedure such that it can process satisfactorily these special cases and difficult-to-segment images taking into consideration, for example, a statistical approach to initialise and teach the snake about the blood flow and plaque area [36] . Furthermore, the segmentation system proposed in this study will be incorporated into a computer-aided diagnostic system that supports the texture analysis of the segmented plaque as documented in [37] , providing an automated system for the early diagnosis and the assessment of the risk of stroke.
